In acute ischemic stroke, identifying brain tissue at high risk of infarction is important for clinical decision-making. This tissue may be identified with suitable classification methods from magnetic resonance imaging (MRI) data. The aim of the present study was to assess comparatively the performance of five popular classification methods (Adaptive Boosting (ADA), Logistic Regression (LR), Artificial Neural Networks (ANN), Random Forest (RF), and Support Vector Machine (SVM)) in identifying tissue at high risk of infarction on human voxelbased brain imaging data. The classification methods were used with eight MRI parameters including diffusion-weighted imaging (DWI) and perfusion-weighted imaging (PWI) obtained in 55 patients. Sensitivity, specificity, the area under the receiver operating curve (ROC) as well as the area under the precision-recall curve criteria were used to compare the method performances. The methods performed equally in terms of sensitivity and specificity while the results of the area under the ROC were significantly better for ADA, LR, ANN and RF. However, there was no statistically significant difference between the performances of these five classification methods regarding the area under the precision-recall curve, which was the main comparison metric.
Ischemic stroke is one of the major causes of death or long-term disability in most developed countries. 1 One of the current medical stroke therapies is intravenous thrombolysis which has to be administered as soon as possible after symptom onset. Besides, identifying the tissue at risk of infarction with an imaging tool would help decision-making in personalized treatment. 2 Brain imaging based on Magnetic Resonance Imaging (MRI) provides important variable related to acute cerebral ischemia. Especially, diffusion-weighted imaging (DWI) is a marker of irreversibly damaged tissue and perfusion-weighted imaging (PWI) presents regions of reduced tissue blood supply and particularly the ischemic penumbra, which is at risk of infarction but still salvageable by early reperfusion. 3, 4 In the acute stroke setting, a marked discrepancy between the size of abnormal tissue identified by DWI vs. PWI 1 , so called DWI-PWI mismatch, is often encountered, and the performance of DWI and PWI data combined in identifying the tissue at risk of infarction has been found to be superior to that of DWI data or PWI data alone. 3, 4 Identifying the tissue at risk of infarction in each patient using MRI and specific statistical methods would help to determine the subject's most appropriate treatment. 3, 4 Many classification methods have been already used to provide the risk of infarction on voxelbased data. For example, generalized linear models have been proposed to estimate the probability of infarction on the basis of diffusion-and perfusion-weighted images from humans 5, 6 , but machine learning algorithms may outperform the generalized linear model in case of complex multimodal data. Artificial Neural Networks (ANN) was used on animal and 6 human imaging data and reported promising findings regarding predicting the outcome of ischemic tissue 7, 8 . In 2011, another study from the same authors 9 found better results with Support Vector Machine (SVM) than with ANN on animal data. Random Forest (RF) was also used by many studies [10] [11] [12] for the prediction of the infarction from imaging data and Livne et al. 10 showed that boosted tree models gave higher performance compared to generalized linear models. An extensive study by Bouts et al. 8 compared five classification methods on experimental animal data; the five methods gave similar results. However, extrapolating these findings to man may not be appropriate. 9 Thus, Winder et al. 15 compared the prediction accuracy of three classification methods (nearest-neighbor, generalized linear model, and RF) using human voxel-based stroke data; RF --as a machine learning algorithm--performed significantly better than the two other methods.
The aim of the present study was to assess the performance of five highly used classification methods in the literature (Adaptative Boosting -ADA, ANN, Logistic Regression -LR, RF, and SVM) in identifying the tissue at high risk of infarction from voxel-based human data. 7 2. MATERIAL AND METHODS
Patients
The study used data of patients from the I-KNOW multicentre study that included prospectively patients who underwent MRI at admission and follow-up to estimate voxelbased probabilistic maps of infarction risk. 11 Patients with lacunar or posterior circulation stroke, unknown time of stroke onset, unknown T2 FLAIR sequence measure or intracerebral haemorrhage on MRI were excluded. Overall, 55 patients were used for each classification method. The inclusion criteria were: (1) National Institutes of Health Stroke Scale (NIHSS) ≥4;
(2) DWI and PWI data consistent with an anterior-circulation acute ischemic stroke; to the processing of personal data and on the free movement of such data, and with the legislation and regulations in Denmark, Germany, France, and Spain, respectively. The study was approved by the Aarhus, Hamburg, Lyon, and Girona hospitals respective regional ethics committees, and carried out after informed consent from the patients. The parameter maps of each patient were normalized using the mean and the standard deviation of the contralateral tissue (cerebrospinal fluid excluded). The means were calculated on three consecutive slices and the standard deviation on the full brain volume. The parameter values were then centred and scaled to be comparable in effect size.
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All eight MRI-based parameters (i.e., T2 FLAIR, ADC, CBV, CBF, TTP, MTT, TMAX, and DWI) were used as predictors to characterize each voxel's risk of infarction. FLAIR imaging at one month after stroke onset was used to contour the boundaries of the irreversibly damaged brain tissue in stroke patients by a clinical. FLAIR at one month was used as outcome to compare the predictions of the methods.
Classification methods
Four machine learning methods (SVM, ANN, RF, and ADA) and LR were used in this study. (For more details of methods and their settings, see the Appendix). These five methods allow identifying the risk of infarction of each voxel-based observation.
The LR estimated the infarction risk of a voxel as its probability of being infarcted after certain follow-up periods using the same above-cited combination of eight MRI parameters. 12 The SVM separated the observations into healthy or infarcted using a linear border.
The closest observations to the border in each class were named support vectors. Then, the support vectors helped to choose the best border either through maximizing the distance between the border and the support vectors or through minimizing the number of misclassified observations. 13 The signed distance to the border is related to the risk of infarction. A zero distance corresponds to an observation located on the border, a positive distance to a high risk, and a negative distance to a low risk.
The ANN constitute a mathematical representation of natural neural networks. 14 The other classification methods, RF and ADA, are ensemble methods that combine several decision trees. RF builds several bootstrap samples from the original data and fits a decision tree to each sample to classify the observations into healthy or infarcted. 15, 16 At each observation, the risk of infarction is then computed as the percentage of trees that classify this observation as infarcted. The ADA weights the misclassified observations using a set of decision trees. 16 The classification of the first tree is performed with the same weight for each observation but the weights of the misclassified observations are increased after each decision tree classification. The performance of each tree is computed using the misclassification error of the decision tree and the weights given to the observations. At each observation, the infarction risk is the result of the classification of each tree weighted by its performance.
Statistical analysis
The performance of the five classification methods tested here were mainly compared in find the set of model hyperparameters that minimized the misclassification rate. Afterwards, the prediction relative to the removed patient was performed using the same method.
$%& , %'& , sensitivity, and specificity were separately calculated for each of the 55 patients and the medians of these values given as evaluation criteria.
The results from the different methods enabled classifying each voxel into healthy or infarcted using a given threshold. The threshold was defined as the value that minimizes the 12 difference between the observed and the predicted infarcted volume; thus, a voxel with an infarction risk above the threshold was considered as infarcted. Threshold was calculated in leave-one-out cross validation for each outer loop to avoid overfitting. The predicted infarction volume for each patient could be calculated as the sum of the voxels classified as infarcted. Table 1 shows the patients' characteristics. We observed that 37 out of the 55 patients were treated with intravenous thrombolysis. The number of female and male was similar among treated patients (49% vs 51%) whereas there were more men than female among untreated patients (22% vs 78%). The majority of patients (65%) had hypertension before the stroke. The gender and receiving treatment were significantly independent (Chi-Squared test, p-value=0.11). 30% of the patients had smoked regularly before stroke. More untreated patient has been observed smoking than treated patient (50% vs 21%) but there was no significant relationship between smoking and the treatment (p-value=0.25). In terms of infarcted volume, the median of final infarction volume was higher than the DWI lesion volume. However, we observed no significant change in infarcted volume at one month for treated and untreated patients (Paired Wilcoxon test: − 0%12013 = 0.08, − 9:0%12013 = 0.26). all less than 0.5 whereas the specificity values were all larger than 0.9. There was no statistically significant difference between methods in terms of sensitivity or specificity. Figure 1 shows the $%& and %'& values performed by LR and SVM on each patient data. These two methods were selected because they gave respectively the highest and lowest $%& values ( 
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DISCUSSION
To our knowledge, our study is the largest to compare classification methods (especially including four machine learning methods) on imaging data from stroke patients. In this study, five classification methods to identify the brain tissue at risk of infarction were compared using voxel-based multimodal MRI data. Another large study in animals with method comparison was previously reported by Bouts et al. 13 , but was not applied onto human data. Our findings suggest no significant difference in performance of the five classification methods in terms of identification of the tissue at risk of infarction on human imaging data.
Our findings are consistent with previous results obtained based on animal data. 9, 13 However, contrary to our study, a couple studies 10, 15 found that tree-based methods performed better than ANN and GLM. This discrepancy may be due to the use of a different performance criterion, namely Dice coefficient. Dice coefficient considers the true positives and is used to evaluate the accuracy of the predicted infarction volume for a given threshold.
However, the comparison metric used in our study ( $%& ) summarizes the predictive ability over all possible thresholds.
In the present study, the performance of each method was first evaluated by $%& values, which allowed us to summarize the identification ability of the method over all possible thresholds. On the basis of this criterion, the five classification methods performed equally well in identifying tissue at risk of infarction, in agreement with another study that used the same criterion but on animal data. 13 Regarding the %'& criterion, there was no significant difference in performance between ADA, ANN, LR, and RF methods. However, all performed significantly better than SVM. The latter finding may be due to the fact that SVM is essentially a binary classification method that requires an additional step able to provide the infarction risk. This gives less accurate risk predictions thus lower %'& values. 19 These results contrast with those obtained on experimental data by Huang et al. 7 (who showed that SVM outperformed ANN) and with those obtained by Bouts et al. 8 who showed that all methods performed equally well.
In the present study, %'& values were always higher than $%& values with all methods. This is due to the fact that %'& is not sensitive to the imbalance between healthy and infarcted voxels and overestimate the infarcted volume in studies performed on data with low prevalence. 17 When we compared the sensitivities and specificities of the methods, the median of sensitivity with each method ranged between 0.4 and 0.5 while the median of specificity was over 0.9. Thus, all methods performed better in identifying healthy tissue than the tissue at risk of infarction.
Most previous studies used mainly the $%& , the %'& , and also the Dice coefficient to compare classification methods on human or experimental ischemic voxel-based data. 8, 9, 11 For this reason, we used the more often used criteria in our study: the $%& and the %'& . Regarding the $%& , all previous studies concluded that there were no significant differences between methods. However, RF and SVM performed better than ANN regarding Dice coefficient and %'& criteria in some studies whereas Bouts et al. concluded to similar performances of the methods they used.
The stroke patient data used in this study had a wide range of final infarction volumes.
Therefore, the predicted infarcted volumes at one month obtained with different methods were quite different. Despite the heterogeneity of infarcted volumes, ADA, ANN, LR, and RF performed equally and provided homogeneous criteria values whereas SVM gave more heterogeneous values depending on the observed infarction volume.
In terms of computer resources, LR was the fastest method; with one central processing unit (2.7 GHz and 26 Gb RAM), the results were obtained in 30 seconds for all 55 patients whereas SVM required approximately 30 hours. Another advantage of LR vs. other methods is that this method does not need a step of parameter selection to fit the model.
One limitation is that only 55 patients could be included in our study. The performance criteria were calculated using one patient due to leave-one-out cross validation. A bigger data set could let us to use k-fold cross validation, thus to calculate the performance criteria on a test data set including more observation.
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In conclusion, the five classification methods performed equally well in terms of identifying the volume of brain tissue at risk of infarction. The ADA, ANN, LR, and RF methods showed equally good performances in term of infarcted volume prediction. The results show that statistical models based on multiparametric MRI can provide valuable prognostic information in acute ischemic stroke, with the potential to guide physicians in their timecritical decision process regarding choice of therapy. 
